The ice sheet model intercomparison project for CMIP6 (ISMIP6) effort brings together the ice sheet and climate modeling communities to gain understanding of the ice sheet contribution to sea level rise. ISMIP6 conducts standalone ice sheet experiments that use space-and time-varying forcing derived from atmosphere-ocean coupled global climate models (AOGCMs) to reflect plausible trajectories for climate projections. The goal of this study is to recommend a sub-set of CMIP5 AOGCMs (3 core + 3 targeted) to produce forcing for ISMIP6 stand-alone ice sheet simulations, based on: i) their represen-5 tation of current climate near Antarctica and Greenland relative to observations, and (ii) their ability to sample a diversity of projected atmosphere and ocean changes over the 21st century. The selection is performed separately for Greenland and Antarctica. Model evaluation over the historical period focuses on variables used to generate ice sheet forcing. For stage (i), we combine metrics of atmosphere and surface ocean state (annual-and seasonal-mean variables over large spatial domains) with metrics of time-mean sub-surface ocean temperature biases averaged over sectors of the continental shelf. For stage (ii), we 10 maximize the diversity of climate projections among the best performing models. Model selection is also constrained by technical constraints, such as availability of required data from RCP2.6 and RCP8.5 projections. The selected top 3 CMIP5 climate models are CCSM4, MIROC-ESM-CHEM, and NorESM1-M for Antarctica, and HadGEM2-ES, MIROC5 and NorESM1-M
Introduction and objectives
The Greenland and Antarctic ice sheets represent the largest and most uncertain contribution to multidecadal to millenial timescale sea-level rise. During the last three decades, satellite observation captured rapid mass loss from both ice sheets (Khan et al., 2014; Mouginot et al., 2014; Zwally et al., 2011; Velicogna, 2009 ). Both atmospheric and oceanic changes have been identified as drivers of observed mass loss, although regional mechanisms vary. For example, rising air temperatures over Figure 1 . Atmosphere and ocean regions defined for metric computation. (a) For Antarctic atmosphere and surface ocean metrics, we considered the domain south of 40°S over ocean (color shading). The blue box shows standard lateral boundaries for regional climate models. Color shading is ERA-Interim summer air temperature at 850 hPa over 1980-2004. (b) For Antarctic ocean metrics, we considered 6 ocean sectors shallower than 1500 m. Color shading shows the depth-integrated temperature of our reference historical climatology. (c) For Greenland atmosphere metrics, we considered the domain inside the usual boundaries of MAR simulations in that region, i.e. inside the blue box, except where ice sheet topography is above 2000 m a.s.l. (bright color shading). Color shading is ERA-Interim summer air temperature at 700 hPa over 1980-2004. (d) For Greenland ocean metrics, we considered the 4 sectors shown with different colored outlines.
Color shading shows the depth-integrated (200 to 500 m) temperature of our reference historical climatology.
For Greenland, we evaluate air temperature at 700 hPa (average of summer and winter RMSE), annual precipitable water, and annual geopotential height at 500 hPa, inside the RCM domain and where the Greenland ice sheet is below 2000 m a.s.l.
(bright shaded color in Fig. 1c ). In this small domain, sea surface conditions do not impact RCM results (Noël et al., 2014) . 115 5 https://doi. org/10.5194/tc-2019-191 Preprint. Discussion started: 21 August 2019 c Author(s) 2019. CC BY 4.0 License.
Sub-surface ocean metrics
The ISMIP6 standalone ice sheet oceanic forcing is derived from "far-field" salinity and potential temperature (Slater et al., 2019; Jourdain, in prep) . Consistent with this approach, our evaluation of sub-surface ocean properties is performed on regionally-averaged CMIP5 temperatures. Since the oceans around Greenland and Antarctica are characterized by different geographic and dynamic regimes in observations (e.g., Straneo et al., 2012; Schmidtko et al., 2014; Thompson et al., 2018) 120 and models (Yin et al., 2011; Little and Urban, 2016; Levermann et al., 2014) , individual metrics are obtained for several sub-regions surrounding both ice sheets (Fig. 1b,d ).
For this purpose, 1989-2009 time-mean ocean temperatures from each CMIP5 model are interpolated onto a common tripolar ORCA025 grid (Ferry et al., 2012) , which has a quasi-isotropic resolution corresponding to 0.25 degrees in latitude, and 75 vertical layers with a thickness ranging from 1 m at the surface to 200 m at the bottom. We use a conservative 125 3d interpolation; if some parts of the ORCA025 grid are not covered by the CMIP grid, we extrapolate from the closest neighbour (horizontally above sills, then vertically to fill troughs behind sills). The regridding tools are made available on https://github.com/nicojourdain/SCRIPTS_CMIP5_ANOM_NOW (last access: 29 july 2019, Dutheil et al., 2019) . Regionally averaged coastal ocean temperatures are then computed in six sectors around the Antarctic continent ( Fig. 1b) , which capture different continental shelf and melting regimes. A maximum bottom depth criterion of 1500 m is used, together with an explicit 130 limit for the northern boundaries in the large embayments in the Ross and Weddell Seas, to select ORCA25 ocean cells that are located on the continental shelf near the coast. For Greenland, the ocean has been separated in four connected regions based on the major hydrographic regimes surrounding the ice sheet ( Fig. 1d) , with a similar cutoffs beyond 1500 m bottom depth and geographical distance from the ice sheet to select coastal ocean cells near the ice sheet. For each sub-region, volume-averaged temperatures below 200 m depth are computed, providing a scalar near-shore sub-surface temperature metric. For Antarctica, 135 the full depth range down to 1500 m is included, while for Greenland, the profiles are truncated below 500 m depth to account for shallow continental shelf depths and bottom sills that typically prevent inflows from greater depths toward the marine terminating glaciers in Greenland fjords.
Regional volume-averaged temperatures are also computed from available observed ocean climatologies, using the same algorithm as for the model output. For Greenland, observational data are taken directly from the annually averaged statistical 140 fields of the 2013 World Ocean Atlas (Locarnini and Seidov, 2013) . For Antarctica, a refined climatology of coastal water masses was constructed by combining the 2018 WOA data (WOA, Locarnini et al., 2019) with statistical fields from the EN4 ocean climatology (Good et al., 2013) and publicly available temperature profiles from Satellite Relay Data Logger-equipped seals (Roquet et al., 2018) , with further details provided in Jourdain et al. (in prep) . In both cases, ocean measurements close to the ice sheets are so sparse that all observations are included in the computation of the regional averages, regardless of their 145 acquisition date.
Aggregating historical metrics
In order to aggregate different metrics of varying nature and magnitude, each of the historical metrics χ described above, is normalized with regards to the 33-model multi-model median and interquartile range (IQR). For each model i:
(1) 150 We average the normalized metrics into three realms: atmosphere, surface ocean (for Antarctica), and sub-surface ocean.
This decision was made to weaken the dependence of the final ranking on the number of variables used for each realm.
Normalization of metrics prevents highly variable or large-amplitude metrics from being overly influential in the average (see where all normalized metrics are weighted equally (12 for Antarctica, 7 for Greenland), is presented in Fig. A To maximize the diversity of future projections covered in a sub-selection of models of size n, we define the ensemble intermodel spread E by combining the pairwise model differences across the climate change metrics defined in Section 2.3.1 (12 for Antarctica, 6 for Greenland). The spread of a 3-model ensemble is computed as the following:
with χ the climate change metrics defined in Section 2.3.1. The ensemble that maximizes E for a given ensemble size n (n = 3 175 for top 3, n = 6 for top 6) is the one qualified as 'most diverse' in its future projections.
to illustrate the spread that they cover compared to the 33-model ensemble. Although the projected change in air temperature is only one of the variables we use to diagnose projected atmospheric changes, it provides a good representation of projected 
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Climate models also overwhelmingly project a 21st century increase in ocean temperatures around Antarctica. For example, the 33 models project a warming of the Amundsen shelf ( Fig. 3b ), ranging from no significant warming (lowest warming, MRI-CGCM3) to +1.10 • C (highest warming, IPSL-CM5B-LR), with a median value of +0.45 • C. In Fig. 3b , the models selected in the top 3 and top 6 are highlighted in red and yellow respectively, to illustrate the spread that they sample over the Amundsen Unlike the atmospheric warming, which is a good proxy for other atmospheric changes, the projected ocean warming in the Amundsen region is only weakly correlated (R 2 ≤ 0.016) to other ocean regions. Some significant correlation can be found for neighboring regions in East Antarctica, such as between the Dronning Maud Land and Amery regions (R 2 = 0.71) and
between the Amery and Totten regions (R 2 = 0.48), but is low across other regions (R 2 ≤ 0.25). Projected changes in the 230 ocean are relatively independent across regions (detailed in Fig. B .1), which confirms the added value of quantifying regional ocean metrics rather than metrics integrated over all Antarctic shelves.
Recommended ensemble

Top 3
In the case of the Antarctic domain, the selection criteria described in Section 2 led to 6 suitable coupled models to choose from 235 (CanESM2, NorESM1-M, CSIRO-Mk3-6-0, CCSM4, MIROC-ESM-CHEM, MIROC-ESM), where availability of required data from RCP2.6 projections is the strongest constraint. We then select the 3 models that maximize the ensemble diversity 
Top 6
For the additional 3 models (targeted), CSIRO-Mk3-6-0 is chosen because of its good ranking ( Fig. 2 ) and median projected changes ( Fig. 3,4b ), and is preferred to ACCESS1.0, of similarly median projections under RCP8.5, because of the availability 250 of the RCP2.6 scenario. Each of the metrics of future change lies close to the multi-model ensemble median (see Fig. 4b ),
meaning that approximately half of the 33 climate models predict higher changes than those of CSIRO-Mk3-6-0, and half predict lower changes.
The other two models selected are, in alphabetical order, HadGEM2-ES and IPSL-CM5A-MR. HadGEM2-ES brings diversity to the 6-model ensemble because of its extreme end-of-21st-century warming in the ocean, particularly in the Ross Sea.
255 This extreme regional warming, more than 2 times larger than the IQR from the median value, is ruled out of the top 3 because it is considered to be a less likely response than those produced by a high number of distinct climate models. Nevertheless, in an intercomparison effort such as ISMIP6, sampling high-end scenarios is essential to (i) examine the response of ice-sheet models which may have run-away effects, (2) include high risk (low probability, high cost) scenarios in terms of future sea level rise. The atmospheric changes produced by HadGEM2-ES are higher than the median, but not outliers. Finally, IPSL-CM5A-
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MR features an ocean warming lower than the ensemble median in most ocean regions, and atmospheric changes higher than the median. It is the only model selected with systematically low warming in the ocean, and can be thought of as the converse to NorESM1-M. Robustness of the model selection is demonstrated in Appendix C2.
Results for Greenland
In this section, we describe the model selection for the forcing of the Greenland ice sheet. The methods include the model 265 evaluation (included below) and ensemble selection (Section 4.2), mirroring the selection performed for the Antarctic ice sheet (Section 3).
Historical bias ranking
Coupled climate models do not perform equally over the sub-surface ocean and the atmosphere (Fig. 5a ) around Greenland, consistent with finding for Antarctica, shown in Section 3. Some models perform well in the atmosphere but are penalized by 270 their poor ocean performance. For example, CMCC-CMS is the median of the ensemble and features one of the lowest biases in the atmosphere (-0.69) and one of the highest biases in the ocean (0.73). Conversely, others perform well in the ocean but show high biases in the atmosphere (e.g. MRI-CGCM3). This unequal performance across the ocean and atmospheric variables supports the need to assess several components of coupled climate models together, rather than separately.
Investigating the source of biases in any given model is beyond the scope of this paper, which focuses on selecting 6 models 275 suitable for the ISMIP6 simulations. Nevertheless, the ranking of the models can highlight significant biases. For example, the ocean bias in several models, most notably CMCC-CS, CMCC-CESM and IPSL-CM5B-LR, is dominated by a bias in ocean heat in the Arctic region. This large bias in temperature would warrant a specific study to improve model representation of that region. However, the observations in this region are scarce and we have a lower degree of confidence in the resulting ocean climatology in that region than in more frequently and densely observed regions, as discussed in Section 5.
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The model ranking around Greenland highlights that the fidelity of coupled models is regionally dependent. The models of highest fidelity around Greenland do not necessarily perform well around Antarctica, and vice versa. For example, CanESM2
is the best-ranked model for Antarctica (see Section 3) but is ranked in the lower half of the ensemble around Greenland due in part to its ocean biases. Likewise, MIROC5 performs well on all metrics around Greenland, and has been extensively used in the relevant literature (e.g., Fettweis et al., 2013; Tedesco and Fettweis, 2012) , but has strong atmospheric biases over 285
Antarctica. Climate models are not expected to perform equally in all regions, nevertheless, it is important for the scientific community to keep those regional variations in mind, especially if using existing studies performed over a different region.
This unequal performance across the Greenland and Antarctic regions also supports our decision to perform model ranking and selection independently for the two ice sheets.
Finally, the models that perform better than the median have ocean and atmosphere biases that lie lower than 0.5 IQR away 290 from the median. Although biases in individual (regional) variables may be higher than that, this result confirms that the best ranked models have a good performance in both the sub-surface ocean and the atmosphere, and gives us confidence that the top half of the ensemble are suitable candidates for the Greenland model selection.
Future projection diversity
All 33 AOGCMs project atmospheric warming over Greenland by the end of the 21st century. Projections range from +1.95 Similar to results presented for Antarctica (Section 3), the changes in annual air temperature over Greenland are a good proxy for most other atmospheric changes. Increase in 700hP a air temperature is associated with an an increase in precipitable water (R 2 = 0.96), an increase in ocean surface temperature (R 2 = 0.60), and a decrease in summer sea ice cover (R 2 = 0.29).
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Most models also project an increase in ocean temperature on the shelf surrounding Greenland. Baffin Bay, for example, is 
Recommended ensemble 310
In the case of Greenland, the availability of sub-daily wind outputs is a strong constraint for the model selection. This was a determining factor because existing studies over Greenland show that the regional atmospheric model MAR outperforms climate models in representing realistic surface mass balance (e.g., Noël et al., 2018; Fettweis et al., 2013) .
Top 3
When applying the selection criteria described in Section 2 and removing CNRM-CM5 due to unavailable data, 6 models 
Top 6
For the top 6 selection, 5 models (IPSL-CM5A-MR, CSIRO-Mk3-6-0, CCSM4, ACCESS1-0, ACCESS1-3) are available to complement the already selected top 3.
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The selected models are, in alphabetical order, ACCESS1-3, CSIRO-Mk3-6-0, and IPSL-CM5A-MR. CSIRO-Mk3-6-0 projects a low atmospheric warming, far below the median value, alongside an extreme warming in the south-west ocean regions (∆T Baffin Bay > 2; ∆T SPG = 0.94). ACCESS1.3 adds diversity to the ensemble as it shows strong warming in Baffin Bay and the Arctic Ocean, but low warming in the subpolar gyre region (SPG). Its atmospheric warming is close to the median. Finally, IPSL-CM5A-MR project strong warming in the Greenland-Iceland-Norwegian seas (GIN), while other ocean 335 regions and atmospheric variables are closer to the median.
In this study, we evaluated the performance of 33 CMIP5 AOGCMs relative to reanalyses and gridded observational datasets covering the atmosphere, sea surface, and sub-surface ocean around the Greenland and Antarctic ice sheets. We also assessed 21st century changes in key oceanic and atmospheric variables. Time constraints for ISMIP6 simulations drove several deci-340 sions relating to the scope of this analysis, including: the use of the CMIP5 (rather than the now-partially-available CMIP6) ensemble; the use of AOGCMs that had already been processed and regridded for both the ocean and atmosphere; and the use of available observational products with limitations and biases, particularly in the ocean sub-surface. However, this assessment of near-ice sheet present-day and future climate remains the most comprehensive performed to date.
Many subjective choices were made in the model selection process. We have attempted to document these choices, and 345 note that the relative insensitivity of results to alternate choices (e.g., Fig. A2 , Appendix C) provides some confidence that our rankings are robust for the CMIP5 ensemble. However, because the rankings will not be applicable to future model ensembles (e.g. CMIP6), our discussion focuses on key elements of our methodology that could be further developed. Implications are discussed with respect to results from the full 33-member ensemble to extend the relevance to other exercises where the small ensemble required for ISMIP6 may not apply.
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Model selection was made largely based on their representation of the present-day local climate, with the implicit assumption that biases relative to observations reflect a poor representation of processes of relevance to future warming. It is difficult to determine whether performance relative to this set of present-day regional metrics is: 1) a sufficient means to evaluate AOGCMs and 2) relevant to the rate of 21st century near-ice-sheet warming. Krinner and Flanner (2018) shows that model biases are stationary under future climate change within the CMIP5 dataset, providing justification for using less biased models 355 for climate change studies. However, over the long timescales that ISMIP6 seeks to assess, different processes and/or biases (global and/or non-local ocean warming rates, e.g. stratospheric ozone recovery) may be equally important; i.e., even if a model closely matches historical conditions it may be missing a key process important for projections.
Support for the relevance of these metrics might be derived from a clear relationship between the modern state and projections of change across models (so-called "emergent constraints"). Bracegirdle et al. (2015) and Agosta et al. (2015) found that 360 21st century changes in Antarctic air temperature and precipitation rate (and, perhaps surprisingly, jet strength (Bracegirdle et al., 2018)) were correlated to sea ice area bias across models. In this analysis, we found no significant correlation between historical biases and climate changes over Antarctica (or Greenland). A plausible explanation is our use of an 850 hPa (rather than surface) temperature metric and our circum-Antarctic study region. However, this result may also indicate a sensitivity to the specific models included in the ensemble: we find that the magnitude and significance of inter-model correlations are 365 sensitive to whether all or a set of the best-performing models is assessed. Shared code and parameterizations across models may also underlie some of the modest correlations evident in our analysis.
It is difficult to determine whether the historical metrics chosen in this analysis are comprehensive (e.g. account for all relevant processes) and/or independent. With respect to independence, we eliminated metrics which respresent the same physical processes and are strongly correlated (e.g., the precipitation and air temperature variables in Bracegirdle et al. (2015) 2015) and were not included in this study). Assessing comprehensiveness is more difficult. For example, the choice of metrics is constrained by the availability of observations. In particular, oceanographic measurements in the vicinity of ice sheets are very sparse and feature sharp horizontal gradients in water masses (e.g., Thompson et al., 2018) . As a result, we chose to calculate volume-and time-mean quantities over subjectively defined regions in order to maximize the number of observations included. It is unclear which ocean region is most "important" in terms of future mass balance. The optimal number of regions, based on their relevance to future ice sheet change and their independence, remains to be determined. These choices should be expected to influence both evaluations of performance and warming. In contrast, observations for the atmosphere and surface ocean have better spatiotemporal coverage. Correspondingly, the metrics chosen were continental-scale and seasonally resolved. However, our continental-scale evaluation may obscure regional variability.
Future work should more formally assess the number and relative weighting of regional metrics in the atmosphere and ocean.
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Similar concerns apply to the metrics of future warming, and their relevance to ice sheet mass balance. We note that our analysis does not address the rate of warming, which differs widely across models. In the ocean, the rate and timing of warming may have dramatic effects on 21st century ice sheet evolution (Hellmer et al., 2012; Timmermann and Goeller, 2017) .
We have noted the unequal performance of coupled climate models over different realms, which we suggest highlights the importance of assessing model fidelity over a range of metrics combining the sub-surface ocean, surface ocean and atmosphere 385 conditions. It also explains why the present ranking of models differs from existing intercomparison studies specifically focused on the atmosphere (Agosta et al., 2015, e.g.,) or the ocean (e.g., Sallée et al., 2013; Meijers et al., 2012; Russell et al., 2018) . As Agosta et al. (2015) focuses purely on the model performance for ice-sheet surface mass balance, its results differ from this paper evaluating both the ocean and atmospheric metrics for the sake of providing the atmosphere-driven surface mass balance and the ocean-driven melt from the same coupled model as boundary conditions to ice-sheet models. This underscores the importance of considering the original aim of an intercomparison, including the variables and the regions considered, before 395 interpreting or applying ranking derived from the analysis.
Antarctica and Greenland were treated independently, supported by the different performance across the ensemble. A different set of models was selected for Greenland and Antarctica, suggesting model performance varies in polar regions of different hemispheres. However, with respect to future warming, it is reasonable to expect some degree of inter-hemispheric correlation in warming (e.g. due to a high AOGCM climate sensitivity). It is unclear how this inter-ice sheet independence assumption 400 could influence sea level projections, as it depends upon the response of SMB and changes in ice flux in the different ice sheets.
Using aggregated measures of present-day performance and future climate changes, we selected 6 AOGCMs as adequate and representative of future near-ice sheet warming pathways. This ensemble size was judged to be feasible for ISMIP6, given computational limitations and the goal to sample different sources of uncertainty (e.g. model, RCP, parameterizations, parameters, etc). However, given the many degrees of freedom across the evaluation metrics, it is difficult to select a fully representative 405 sample. Some limitations of the sample size are apparent, notably the non-uniform distribution across parameters (e.g. no low ocean warming sampled). Furthermore, the models selected are not structurally independent. For example, HadGEM2-ES and ACCESS-1.3 share a common Hadley Center atmospheric model, while NorESM1 and CCSM4 share the NCAR Community Atmospheric Model. Such interdependence may limit the diversity of forcing applied to ISMIP6 models. We do note that even if ISMIP6 had the ability to evaluate all available CMIP5 AOGCMS, issues with statistical sampling and diversity of CMIP 410 models, code similarities/independence, and quality would persist (Knutti et al., 2013; Sanderson et al., 2015a, b) . Future model evaluation studies may invert the process used here: i.e., objectively assess the appropriate number of models to achieve sufficient diversity in forcing.
Finally, we emphasize that evaluation is only a first step to a better process-based understanding of the differences between models. It is critical to assess the processes that make models (or model families) perform better or warm at a different rate.
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We invite modeling groups or researchers interested to examine these to trace back the source of the bias in individual models or across the larger ensemble.
Conclusions
As a result of the evaluation and selection process described in this paper, six AOGCMS have been selected for ISMIP6 Antarctic future projection runs, and six AOGCMS have been selected for ISMIP6 Greenland future projection runs. To complement 420 the quantitative comparison described in the results section, a qualitative description of their projected warming is shown in and Nowicki et al. (in prep) .
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The AOGCMs selected for ISMIP6 Greenland projection runs, and their qualitative projected warming, are summarized in Table 3 Appendix A: Robustness of historical ranking Table C2 lists the absolute and relative occurrence of each individual model in the combinations in Table C1 .
C2 Robustness of Antarctic model selection top 6 Table C3 lists the selected model combinations with absolute and relative frequency of occurrence for the Antarctic top 6 se- Table C4 lists the absolute and relative occurrence of each individual model in the combinations given in Table C3 . When equal weighting of the 14 metrics is applied, giving more emphasis on the surface ocean, HadGEM2-ES is still selected in 4 of 14 cases, but replaced by MPI-ESM-MR in the majority of cases (9 of 14).
C3 Robustness of Greenland model selection top 3
445 Table C5 lists the selected model combinations with absolute and relative frequency of occurrence for the Greenland top 3
selection. The final model combination (MIROC5, NorESM1-M, HadGEM2-ES) was selected in all cases. Table C6 lists the absolute and relative occurrence of each individual model in the combinations given in Table C5 . Table C7 lists the selected model combinations with absolute and relative frequency of occurrence for the Greenland top 6 selection. The final model combination (MIROC5, IPSL-CM5A-MR, CSIRO-Mk3-6-0, NorESM1-M, HadGEM2-ES, ACCESS1-3) occurs in 7 of 9 cases, with CCSM4 replacing ACCESS1-3 in the remaining 2 cases. Table C8 lists the absolute and relative occurrence of each individual model in the combinations given in Table C7 .
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Similar results were obtained whether metrics for the surface ocean (∆tos [a], ∆sic [s], ∆sic [w]) were included or not.
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